: Landslide quantitative risk analysis of buildings at the municipal scale based on a rainfall triggering scenario, Geomatics, Natural Hazards and Risk, DOI: 10.1080DOI: 10. /19475705.2016 A landslide quantitative risk analysis is applied the municipality of Santa Marta de Penaguião (N of Portugal) to evaluate the risk to which the buildings are exposed, using a vector data model in GIS. Two landslide subgroups were considered: landslide subgroup 1 (event inventory of landslides occurred on January 200)1; and landslide subgroup 2 (inventoried landslides occurred after the 2001 event until 2010). Seven landslide predisposing factors were weighted and integrated using the Information Value Method. The landslide susceptibility model was independently validated and the model performance was expressed by ROC curves. The probability of landslide size was estimated using a probability density function and the landslide hazard scenario was defined using the same landslide rainfall-triggering event.
Introduction
According to Corominas et al. (2013) , landslide risk analysis includes the landslide hazard analysis (landslide characterization and analysis of landslide frequency), the analysis of consequences (characterization of expected level of damage for different landslide magnitude scenarios) and risk estimation (the integration of hazard analysis and consequences). Risk assessment takes the output from risk analysis and evaluates risk taking into account values, judgements and risk acceptance criteria. Risk management takes the output from the risk assessment, and considers risk mitigation, including accepting the risk, reducing the likelihood and the consequences (Fell et al. 2008; Corominas et al. 2013) .
When risk analysis has to be made for the complete extension of an administrative unit like a municipality and a set of spatial data parameters and the use of GIS techniques are required (Fell & Hartford 1997; Corominas et al. 2013) . Landslide risk can be evaluated using qualitative or quantitative approaches (AGS 2000; Dai et al. 2002) that are distinguished by the quality and quantity of the input data, analysis procedures, scale of analysis and risk output (Dai et al. 2002; Bell & Glade 2004; van Westen et al. 2008; Corominas et al. 2013) . Qualitative risk analysis results are presented in terms of weighted indices and relative ranks (e.g. low, moderate and high) (Corominas et al. 2013) . Quantitative risk analysis (QRA) is based on numerical values of the probability, vulnerability and consequences, and the obtained results are presented as a numerical value of the risk (Fell & Hartford 1997; SafeLand 2010) that can be compared with other study areas. Moreover, QRA can include the assessment and quantification of uncertainties (AGS 2000; Corominas et al. 2013) . Landslide risk managers benefit from a QRA because it allows a cost-benefit analysis, provides basic information to prioritize management and mitigation actions and the resources allocation (Michael-Leiba et al. 2003; Corominas et al. 2013) . Also for society the QRA helps to increase the awareness of existing risk levels and evaluate the effectiveness of actions undertaken (Corominas et al. 2013) .
Risk analysis can be done at a national, regional, municipal or local scale. The work-scale should be adequate taking into account the purpose of the assessment, extent of the study area, data availability (Aleotti & Chowdhury 1999) , and financial and/or time constraints (Bell & Glade 2004 ). In addition, some input data layers are only available at a specific scale (van Westen et al. 2008 ). In such cases, the scale of final results is conditioned by the scale of the input data layer with the lowest resolution. Normally, for small scales QRA is not developed due to the limited quality and quantity of available data. On the contrary, on large-scale studies, there is enough detailed data to perform a QRA (Dai et al. 2002) .
Risk is computed as a function of the probability of the landslide hazard (H), the vulnerability (V) and the value of the elements at risk (E) (Varnes 1984) : R D H £ V £ E, where R is the risk (annual loss of property value); H is the probability of occurrence of a potentially damaging phenomenon within a specified period of time, within a given area and a given magnitude; V is the vulnerability that in earth sciences is usually described as the 'degree of loss' of an element or set of elements at risk resulting from the occurrence of a landslide of given magnitude and it is expressed on a scale ranging from 0 (no loss) to 1 (complete loss) (Varnes 1984; Le one 1996; Fell & Hartford 1997; Buckle et al. 2000) ; and E is the economic value of the elements at risk.
Most published studies on landslide QRA in large areas for buildings, roads and properties have been computed using raster data structure (i.e. risk in monetary unit per pixel per year) (e.g. Catani et al. 2005; Remondo et al. 2008; Zêzere et al. 2008; Jaiswal et al. 2011; Garcia 2012; Lu et al. 2013; Peng et al. 2014) . Usually, landslide hazard models have been computed in raster data structure where data is stored in grid cells. This data structure enables to handle very large databases and to perform data analysis including mathematical modelling and quantitative analysis (Longley et al. 2011) . Raster resolution choice of the initial data used in the landslide susceptibility modelling process can affect the whole analysis and the final results (Arnone et al. 2016 ). According to Arnone et al. (2016) , the best predictive capabilities have been attributed to the medium resolutions (10 and 20 m), proving that the increase in the model resolution does not imply a direct improvement in the model performance.
As a rule, exposed elements data (e.g. roads and buildings) are stored in vector data structure, demanding vector to raster conversion to easily perform risk analysis at the municipal or regional scale. This procedure may generate problems on data integrity due to generalization process linked to the cell size choice taking into account the scale of analysis and the detail of input data. Data conversion of buildings from vector to raster usually produces topological errors (e.g. loss of connectivity between the buildings, creation of false connectivity, loss of individual buildings when their size is smaller than the cell size) and geometrical errors due to the data representation in a regular grid oriented parallel to the coordinate system of the data source (e.g. area, length, geographical position accuracy, changes in the shape and orientation of the buildings) (Longley et al. 2005 (Longley et al. , 2011 .
Most output maps obtained from raster models are not in agreement with high-quality cartographic needs due to the scale of data input (Lee 2004 ) and the landslide dimensions (Arnone et al. 2016 ). Also, raster data processing is not suitable for applications that rely on small individual spatial features (points, lines, polygons) (Longley et al. 2005 (Longley et al. , 2011 . Recently, in a study on landslide risk analysis performed for a 169 km 2 study area, Guillard-Gonçalves et al. (2016) estimated a loss of 2.7% of the total area of buildings (which corresponds to 228 buildings in the study case) resulting from the conversion of building features to raster.
On contrary, vector data model guarantees an accurate geographic location of data, accuracy on geometrical properties of buildings, original detail without data generalization and a more aesthetically graphic output (Longley et al. 2005 (Longley et al. , 2011 . To the extent of our knowledge, until now the landslide QRA for buildings represented in a vector data model was never tested at the municipal scale. This type of data model was recently used in a landslide QRA by Uzielli et al. (2014) but only for a reduced number of buildings (39 buildings) within the Ancona landslide.
In this context, the main innovative contribution of this work is to perform a landslide QRA for 7612 single buildings in the municipality of Santa Marta de Penaguião (North of Portugal) in a vector data model within a GIS. In this study area, rainfall is the most important triggering factor of landslides and the relationship between precipitation and landslide activity has been previously studied Zêzere et al. 2015) . In order to achieve a landslide QRA, five specific objectives were established: (1) to assess probabilistic landslide hazard based on (a) a susceptibility model for landslide rupture zones, (b) a rainfall-triggering scenario with a specific return period, and (c) the landslide magnitude; (2) to evaluate the physical vulnerability of buildings for different landslide magnitudes based on expert knowledge; (3) to assess the economic value of buildings; (4) to analyse and compare landslide risk at the building scale for two landslide magnitudes (A L > 100 m 2 and A L > 1000 m 2 ). The landslide susceptibility and hazard were assessed at the local scale, for a complete municipality with and a total area of 70 km 2 . The landslide susceptibility was evaluated using a data-driven statistical method that is considered adequate to the regional scale (1:25,000-1:250,000) and the local scale (1:5,000-1:25.000) (Corominas et al., 2013) . Results of this study can be used by local stakeholders due to its applicability to the municipal land management.
Study area
The municipality of Santa Marta de Penaguião (70 km 2 , Figure 1 ) is located in the Alto Douro Wine Region (Northern Portugal). In geomorphological terms, this area integrates the Portuguese Northwestern mountains (in the west part) and the Douro basin (in the east part) (Ferreira 1991) . The elevation ranges from 70 to 1416 m, and the fluvial valleys are deeply incised. The slope angle is higher than 20 in 60.4% of the total area of the municipality. The study area is part of the Iberian Massif, a morphostructural unit of the Iberian Peninsula which corresponds to the razed Varisc chain (Ferreira 1991) . The bedrock includes mostly metamorphic rocks dated from the Cambrian: the Desejosa Formation (fine laminated phyllites, metagreywackes and metaquartzitic greywackes) and the Pinhão Formation (chloritic phyllites, chloritic quartz and metaquartzitic greywackes). Quartzites dated from the Ordovician-Silurian are located in the west part of the study area and syntectonic granites (middle to coarse-grained) are present in the north part of the study area (Figure 1) .
The study area has a temperate climate with dry and hot summer, Csa according to K€ oppenGeiger climate classification system (K€ oppen 1936). The mean annual precipitation (MAP) ranges from 700 mm (in the bottom of fluvial valleys in the East side) to 2500 mm (in the Western mountains). Along the year, precipitation is higher during the autumn and winter seasons and the summer drought typically lasts for three months (June, July and August). Rainfall is the main landslide triggering factor in the study area .
Land use is characterized by the predominance of the vineyard monoculture in agricultural terraces (almost 52% of the study area). The remaining area is occupied by forest (16% mainly in the west mountain side of the municipality), pasturelands (13%), degraded forest (8%), discontinuous urban zones (1%) and other residual land use classes (10%). The viticulture is the major economic activity in the municipality.
Vineyards are mainly located on south-exposed slopes and were traditionally supported by handmade artisanal terrace structures with schist stone and antrosoils. In the last decades, these structures have been replaced by land embankments, without stone support and frequently without efficient drainage systems. Consequently, the slope instability has increased Figure 1 . Location of the study area including the distribution of the landslide inventory (a) and simplified geological map (b) of Santa Marta de Penaguião municipality: (1) alluvium (quaternary); (2) sin-orogenic granite middle-to coarse-grained (carboniferous); (3) quartzites (Ordovician-Silurian); (4) coarse conglomerate (Ordovician-Silurian); (5) Pinhão Formation, with chloritic phyllites, chloritic quartz and metaquartzitic greywackes(Cambrian); (6) Desejosa Formation with fine laminated phyllites, metagreywackes and metaquartzitic greywackes(Cambrian).
and several destructive landslides occurred in the study area generating landscape degradation and other human and economic impacts (e.g. deaths and injuries, destruction of houses, and vineyards) (Silva & Pereira 2014) .
Historical records of damaging landslides are available in two archive inventories: the North Portugal Landslide Database -NPLD ) and the Disaster database ) with 14 and 1 landslides, respectively.
The municipality had 7356 inhabitants in 2011 (INE 2014 ) with a population density of 105 inhabitants per km 2 . The area is characterized by rural settlements located at the top of the slopes, along the main water divides and on alluvial planes (Silva & Pereira 2014) . The typical buildings in the study area are single-story and were built with small blocks of schist. Nowadays, buildings made with bricks and cement are becoming dominant. Residential buildings are the most frequent (63%) followed by farm buildings.
Materials and methods
The methodological approach used in this study for the landslide QRA is presented in Figure 2 and involved the following main steps: (1) assessment of the landslide susceptibility rupture zones using a bivariate statistical method (Information Value) and evaluation of model performance based on receiver operating characteristic (ROC) curves; (2) assessment of landslide magnitude based on probability densities of landslide rupture area (Malamud et al. 2004 ) and using an empirical relationship to link landslide area and landslide volume ); (3) selection of a landslide triggering scenario; (4) estimation of landslide hazard for two landslide magnitudes (A L > 100 m 2 and A L > 1000 m 2 ); (5) assessment of physical vulnerability of buildings based on empirical vulnerability curves generated for different building types; (6) evaluation of the economic value of buildings and estimation of potential losses; (7) estimation of landslide risk of buildings based on rainfall-triggering scenario referred in (3) and for the landslide magnitudes referred in (4).
Landslide inventory
A detailed landslide inventory was produced for the municipality of Santa Marta de Penaguião using aerial photo-interpretation (1/5000 scale) of images obtained in 2002, 2005 and 2010 , and systematic field work validation . The boundaries of the landslide rupture zones were drawn over detailed topographic maps (1/5000 scale) and included in a GIS database.
According to the DISASTER database for the first time in the last 150 years, fatalities and homeless people were registered on January 2001 following an important landslide event occurred in this municipality previously described by Santos (2013) . In fact, most inventoried landslides in the study area occurred during this event, and because of that we decide to consider two subgroups within the landslide inventory: landslide subgroup 1 containing the event inventory of landslides occurred on January 2001, which includes the rupture zones of 610 shallow translational slides with a total unstable area of 94,150 m 2 ; and landslide subgroup 2 containing all the inventoried landslides occurred in the study area after the 2001 event until 2010, which includes the rupture zones of 156 shallow translational slides with a total unstable area of 10,600 m 2 . Shallow translational slides occur in clay-rich metamorphic rocks preferentially located on incised valleys and steep slopes, preferentially south and south-east exposed where agricultural terraces with vineyard dominate.
Data about the landslide area, estimated volume and estimated thickness with the corresponding minimum, maximum, mean, standard deviation and sum values of the landslide subgroups 1 (modelling group) and landslide subgroup 2 (validation group) are summarized in Table 1 . Landslide subgroup 1 registered a mean landslide area of 152 m 2 while the landslide subgroup 2 presents half of the mean area (71 m 2 ). As a rule, the size of landslides belonging to subgroup 1 is larger when compared with landslide subgroup 2, as it is confirmed by the corresponding maximum, minimum and mean landslides areas and volumes (Table 1 ). The total area and total volume of landslide subgroup 1 exceed 9 and 11 times, respectively, the equivalent features of landslide subgroup 2. The landslide thickness, evaluated indirectly based on the relationship between landslide area and landslide volume, ranges from a minimum value of 0.1 m in landslide subgroup 1 to a maximum value of 2.8 m in the landslide subgroup 2. The velocity of shallow translational slides can be classified as rapid (1.8 m/h) to very rapid (3 m/min), according to classification proposed by Cruden and Varnes (1996) .
Landslide susceptibility assessment and validation
Landslide susceptibility was modelled using a 10 £ 10 m pixel (100 m 2 ) resolution. The landslide subgroup 1 was used to model susceptibility to landslide rupture zones. This subgroup was crosstabulated individually with seven landslide predisposing factors used as independent variables (slope angle, slope aspect, slope curvature, slope over area ratio, lithology, geomorphology and land use) that were selected from a list of 29 factors provided by van Westen et al. (2008) , which can be relevant as environmental factors effective for landslide susceptibility modelling. The predisposing factors were chosen taking into consideration (1) their high applicability to assess landslide susceptibility at the medium scale (van Westen et al. 2008) ; (2) the availability of data at the appropriate scale for the study area; (3) the need to minimize conditional independence among predisposing factors to not bias the susceptibility results; and (4) the efficiency of the selected predisposing factors to assess landslide susceptibility confirmed in previous studies in different areas (e.g. Remondo et al. 2003; Zêzere et al. 2004; Guillard and Zêzere 2012) but also in the study area . The seven landslide predisposing factors were mapped and converted into a raster format with a 10 £ 10 m pixel (100 m 2 ) and later reclassified for modelling purposes. The classes of each landslide predisposing factor were weighted using the information value method (IV), a bivariate statistical method (Yin & Yan 1988 ) that has been widely used in similar studies (e.g. Conforti et al. 2011; Guillard & Zêzere 2012; Oliveira et al. 2015) , and according to Corominas et al. (2013) , this is one of the bivariate statistical methods recommended for data-driven landslide susceptibility assessment.
Information value method weighting of each class within each variable is given as follows (Yin & Yan 1988) :
where Si is the number of pixels with landslides belonging to the modelling group and the presence of variable Xi; Ni is the number of pixels with variable Xi; S is the total number of pixels with landslides belonging to the modelling group; N is the total number of pixels; Si/Ni is the conditional probability to have a landslide given the presence of variable Xi; S/N is the a priori probability for each pixel to have a landslide without considering predisposing factors. In the present study, the information value scores range from ¡12,278 to 4277. When the score is negative it means that the presence of the variable is favourable to slope stability. Positive scores mean a positive relationship between the presence of the variable and the landslide occurrence, as high as the higher the score. Information values equal to zero means no clear relationship between the variable and the landslide occurrence. The classes of any variable not containing any landslide have a conditioned probability equal to zero, which means that information value cannot be obtained because of the log transformation, and therefore, the information value was forced to be equal to the decimal value lower than the lowest information value within the variable (Guillard & Zêzere 2012) .
Landslide susceptibility map was obtained by the sum of the IV of each variable present in each pixel:
where m is the number of variables and Xji is either 0 if the variable is not present in the pixel j, or 1 if the variable is present. Additional details on the predisposing factors applied in Santa Marta de Penaguião municipality can be found in .
The landslide susceptibility model was validated by cross-tabulation with the landslide subgroups 1 and 2 and the model performance is expressed by ROC curves (Swets 1988) . The ROC curve plots the true positive rate (TRP) versus the false positive rate (FPR), where TPR is the proportion of the landslide area that is correctly classified as susceptible and FPR is the proportion of non-landslide area classified as susceptible (Frattini et al. 2010) . The area under the ROC curve (AUC) was computed to be a metric of the overall quality of the model (Frattini et al. 2010 ). An ROC curve was also computed using the landslide subgroup 2, to assess independently the prediction quality of the landslide susceptibility model.
Lastly, landslide susceptibility model computed with the landslide subgroup 1 was classified into five equal-size classes so that the number of cells is the same in each class (20% of the study area), because the respective ROC curve did not show pronounced slope ruptures to identify susceptibility classes.
Landslide magnitude
An important feature to compute landslide hazard is the landslide event magnitude that may be obtained from landslide inventories, where the size of the landslides (expressed as area or volume) may be used as a proxy of landslide magnitude (Malamud et al. 2004; Guzzetti et al. 2009 ). Magnitude-frequency curves have been used to obtain a frequency-size distribution and are widely explained in the literature (Malamud et al. 2004; Guthrie & Evans 2004; Guzzetti 2005; Guzzetti et al. 2005; Guzzetti et al. 2008; Brunetti et al. 2009 ). Once established the relationship between frequency and magnitude of landslides, it is possible to use it to estimate the probability of occurrence of a landslide of certain magnitude (Picarelli et al. 2005) . Therefore, the probability density distribution of landslide area (A L ) was computed for the landslides from the landslide subgroups 1 and 2 distribution using the probability density function (pdf) proposed by Malamud et al. (2004) . However, the probability of landslide magnitude (A L ) was calculated only for the landslide subgroup 1 to guarantee consistence for the hazard assessment scenario as the landslide susceptibility model was built based on the same landslide subgroup 1.
In addition, landslide area was also used to generate a proxy of landslide intensity that is crucial to estimate the relative level of damages in buildings. In this work the ratio between landslide volume and landslide area was used to estimate landslide thickness of each individual landslide, assuming that shallow translational slides in the study area have a regular shape and thickness.
In the literature, there is a good agreement that the relationship between volume and area of a landslide is essentially geometrical and widely independent on the local physiographical setting ). As determining the volume of a slip is a difficult and expensive task, there are several empirical relationships between landslide area and landslide volume ) that can be applied to different landslide types (e.g. shallow slides and debris flows). Guzzetti et al. (2009) proposed an empirical relationship between landslide area (A L ) and landslide volume (V L ) using 677 landslides compiled through a worldwide literature research, based on landslides with areas ranging between 2.1 £ 10 0 and 7 £ 10 7 m 2 and volumes from 3.4 £ 10 ¡1 to 2.9£10 10 m 3 :
For landslides more similar in size to those inventoried in the study area, Guzzetti et al. (2009) proposed another formula based on data of landslides with areas ranging between 5.0 £ 10 1 and 1.58£10 4 provided by Larsen and Torres-S anchez (1998):
However, landslide volumes obtained from equation (4) are not efficient to estimate empirically the landslide thickness as the simple ratio between landslide volume and landslide area. For example, two landslides with 11 and 3141 m 2 (minimum and maximum landslide areas within the landslide inventory) should have 16 and 2523 m 3 , respectively, using equation (4). The corresponding landslide thickness derived as the volume/area ration will be 1.4 and 0.8 m, which would indicate lower landslide intensity for the larger landslides. Therefore, we decide to use equation (3) to avoid this drawback. For the same examples, the obtained landslide volumes are 2.4 and 8709 m 3 , and the corresponding landslide thickness are 0.2 and 2.8 m. The obtained landslide thickness range is consistent with the field evidences on landslide thickness in the study area.
Landslide triggering scenario
Most landslides inventoried in the study area (80%) occurred in a single landslide event occurred on 26 January 2001 . As the corresponding landslide subgroup (1) was used to generate the landslide susceptibility model, we decided to consider the triggering conditions of this event to define the temporal dimension for the landslide hazard model. Rainfall empirical thresholds of landslides in the study area were assessed in previous works (Pereira 2010; Zêzere et al. 2015) . Daily rainfall data from a representative rain gauge located at Vila Real was analysed for a 40-year period (1960-2001) . During this period, 11 landslide events occurred along the Douro valley were used to compute rainfall empirical thresholds. These landslide events were reconstructed using documental sources (technical scientific documents and newspapers) covering the period 1960-2001. Usually each date is associated to a single reported landslide but newspapers preferentially report only those landslides that generated damaging consequences . As it happens in other studies on rainfall empirical thresholds (Brunetti et al. 2010; Gariano et al. 2015; Zêzere et al. 2015) , landslide events may have been unreported and are probably underrepresented.
For each landslide event, possible rainfall combinations between event rainfall (24-72 h) and antecedent rainfall (5-90 consecutive days) were assessed and the corresponding return periods of the rainfall were calculated using the Gumbel law. The critical rainfall combination with the highest return period is assumed as the critical combination that generated the landslide event.
Therefore, landslide hazard was assessed under the assumption that future occurrence of a rainfall combination (rainfall antecedent C rainfall event) equal to the one verified in 2001, whose return period is 2.7 years, will generate the same consequences regarding slope instability in the study area, i.e. the same number of shallow landslides (610) and equivalent total unstable area (94,150 m 2 ).
Landslide hazard quantification
The quantitative hazard assessment at the basin scale has been prior performed in several studies (van Westen et al. 2005; Cascini 2008; Jaiswal et al. 2010; Corominas et al. 2013) . In this study, the conditional probability that a pixel will be affected by a shallow translational slide in the future is estimated as follows:
where Pjyz mi is the probability of the cell j in the landslide susceptibility class y to be affected by a landslide with a specific magnitude mi within the triggering scenario z, which corresponds in the present study to the January 2001 event that has a 2.7-year return period; Taf f ectedz is the total area to be affected by shallow translational slides within the same triggering scenario z ðJanuary 2001 eventÞ; Ty is the total area of the landslide susceptibility class y; predy is the prediction capacity of the landslide susceptibility class y; P mi is the probability of landslide magnitude, in the present study A L >100 m 2 and A L >1000 m 2 . Equation (5) does not include directly the return period, although this is considered indirectly through the selected triggering scenario z.
Physical vulnerability assessment of buildings exposed to shallow slides
Physical vulnerability is evaluated as the interaction between the intensity of the hazard and the type of elements at risk (buildings) using vulnerability curves (Corominas et al. 2013 ). There are several examples of vulnerability studies for different elements at risk computed at pixel units (e.g. Remondo et al. 2008; Zêzere et al. 2008; Jaiswal et al. 2011 ) and at building features in vector format (e.g. Papathoma & Dominey-Howes 2003; Silva & Pereira 2014; Uzielli et al. 2014) .
In this work, the physical vulnerability is assessed for building using semi-quantitative vulnerability curves. Most data needed to identify the building characteristics to assess vulnerability (e.g. construction techniques, construction materials and number of floors) and to assess the economic value of buildings (e.g. average cost of construction, function, location, age) had to be inventoried through a detailed field work. Census data were not used because it only details the statistical subsection (the quarter) and do not provide data for each individual building.
Building cartographic information was vectorized at 1/1000 scale using as cartographic base orthophotomaps from 2006 with 0.5 m resolution (Silva & Pereira 2014) . The geographical information was further updated and validated during field work in 2010. At the end, 7612 buildings were vectorized and stored in a GIS database in a vector data model. A photo database was constructed covering all the inventoried buildings and inquiries were made to the owners of some buildings to clarify any doubt regarding building characteristics (Silva & Pereira 2014) .
The physical vulnerability was estimated based on observed damages of past shallow translational slides that affected buildings. Unfortunately, examples of landslide damages in buildings are few in the study area, which does not allow performing a statistical correlation with the degree of damages necessary to derive a validated vulnerability curve.
In the first step, the level of building damage was classified into five discrete classes taking into account published works on the subject (Table 2 ) (e.g. Alexander 1986; Le one 1996; AGS 2000; Glade 2003; Tinti et al. 2011; Garcia 2012) . Level of damage D0, D1 and D2 do not cause structural damages in the buildings and may require some type of repair. When a building has a level of damage D2 evacuation is needed, although the building structure is not affected. Levels of damage D3 and D4 affect the building structure and evacuation is mandatory. Level of damage D4 implies the immediate need for building demolition. The functionality of the building can be compromised temporarily (D2 and D3) or permanently (D3 and D4). For each average level of damage vulnerability values were assigned, ranging between 0 (no loss) and 1 (total loss) and taking into account previous empirical approaches (e.g. In the second step, the vulnerability was ascribed to four types of buildings (B1 -fragile buildings made with metal or wood; B2 -buildings made with adobe or irregular loose stone walls; B3 -buildings made with bricks or blocks united with cement; B4 -buildings made with reinforced concrete or resistant metal structures) considered by the Portuguese Census (INE 2014 ) taking into account the landslide thickness, assumed as a proxy of landslide intensity. The obtained vulnerability curves reflect the expert opinion of the authors regarding degree of loss for buildings affected by shallow translational slides but are also based on specialized literature (e.g. In this work, it is assumed that buildings are located in the landslide rupture zone, which means that buildings are subject to dominant horizontal displacements (Glade & Crozier 2005; van Westen et al. 2005 ; Le one 2007). Landslides that occur underneath or downslope can cause removal of basal support, collapse, deformation and displacement of the building (Glade & Crozier 2005) .
Economic value assessment for exposed buildings
The monetary value of the buildings can be assessed by calculating a discrete value for each individual building based on (1) Market values and reconstruction costs may be very volatile at the short time and this is the major reason for us to choose the cadastral value to compute the value of the buildings. In addition, adopting this approach the economic value of buildings was objectively quantified using an adaptation of the Portuguese Tax Services equation to determine the taxable value of buildings in Portugal (Silva & Pereira 2014) . This equation uses the average cost of construction (AAC), the total area (TA), the functionality coefficient (FC), the location coefficient (LC) and the age coefficient (AC). Additional details on the FC, LC and AC coefficients and on the procedure of economic value calculation for each building can be found in Silva and Pereira (2014) .
Potential losses (PL) resulting from landside activity was computed for each single building (polygon features in the GIS) as the product between physical vulnerability (PV) and economic value (EV), expressed in Euros:
Quantitative risk analysis
In order to compute risk values for each building in vector data structure it is mandatory to assign a hazard value for each building. The hazard raster data-set (10 £ 10 m cells) was first converted into a vector data model (polygon features) where output polygons were conform to the input raster cell edges. The layer containing the building features was intersected with the hazard layer and for each building polygon a summary was given on the numeric attributes of the polygons in the layer being joined (hazard) based on spatial location. With this operation the maximum and the average hazard probabilities were summarized for each building polygon. The landslide QRA was computed for each single building in the study area on the basis of the following equation (Guzzetti et al. 1999; Jaiswal et al. 2011; Corominas et al. 2013) :
where Rb mi is the risk for the building polygon for a specific landslide magnitude within the selected triggering scenario z; MaxPjyz mi is the maximum probability affecting the building area, b; PV is the physical vulnerability of the building, derived from the vulnerability curve that is expressed on a scale ranging from 0 (no loss) to 1(complete loss); and EV is the economic (cadastral) value of the building (in Euros).
The QRA for buildings was assessed for each building in vector data for a specific landslide triggering scenario with a 2.7-year return period including two landslide magnitudes (A L >100 m 2 and A L >1000 m 2 ).
Results

Landslide susceptibility and hazard
The landslide susceptibility model was generated using the 610 shallow translational slides belonging to the landslide subgroup 1 to weighting seven landslide predisposing factors. The ROC curves computed with the landslide subgroups 1 and 2 generated acceptable results (AUC D 0.790 and AUC D 0.776, respectively) according to Guzzetti et al.'s (2006) criteria (Figure 3) . The classified results of the landslide susceptibility model are shown in Figure 4 . The predictive capacity of landslide susceptibility classes for each landslide subgroup is summarized in Table 3 . The landslide susceptibility class 'Very High' occupy 20% of the study area and predict 62% of the landslides belonging to subgroup 1 and 59% of the landslides belonging to subgroup 2.
The best result obtained for the January 2001 rainfall-triggered event scenario combines the 72-h event rainfall and the 10-day antecedent rainfall. In previous works (Pereira 2010; Zêzere et al. 2015) , it was shown that the 26th January 2001 landslide event was triggered by a rainfall event of 97.2 mm in 72 h (return period D 1.7 years) combined with a 10-day antecedent rainfall of 169.9 mm (return period D 1.6 years). The return period of the rainfall combination is 2.7 years considering that the rainfall event and the antecedent rainfall are independent.
The probability density distribution of landslide area (A L ) for the landslide subgroups 1 and 2 is shown in Figure 5(b) . Landslides more frequent are in the range 10-100 m 2 for landslide subgroup 1 and in the range 5-10 m 2 for landslide subgroup 2, which confirm the typical larger size of landslides belonging to subgroup 1 and explain the absence of any evident roll-over in the landslide subgroup 2. Figure 5(a) represents the probability of landslide magnitude having an area smaller than a given size (left axis), and the probability that a landslide will have an area that exceeds a given size (right axis) based on landslide probability density distribution of landslide subgroup 1. The probability that a landslide exceeds an area of 100 and 1000 m 2 is 0.48 and 0.02, respectively. These values were used to obtain the landslide hazard maps for the selected triggering scenario using equation (5). As it was expected, the obtained hazard results expressed as probabilities ( 
Physical vulnerability of buildings
In the study area, more than a half (53.4%) of the 7612 total buildings are type B3 (buildings made with bricks or blocks with cement) whereas 3029 buildings (39.8% of total) are type B4 (buildings made with reinforced concrete or resistant metal structures). Building type B1 (fragile buildings made with metal or wood) and type B2 (buildings made with adobe or irregular loose stone walls) are less in number, corresponding to 6.4% and 0.4% of the total buildings, respectively.
Vulnerability curves generated for each building type (Figure 7) show that shallow slides with 0.5 m thickness cause low level of damages (D2 for building type B1 and D1 for building types B2, B3 and B4) ( Table 2 ). Structural damages (D4) were considered for fragile buildings made with metal or wood (B1) only for landslides with more than 1 m thickness. Buildings made with adobe or irregular loose stone walls (B2) register the highest level of damages (D3) for shallow slides thickness 1.5 m. In the study area, shallow slides do not exceed 2.8 m thickness, so resultant damage in buildings made with bricks or blocks with cement (B3) and buildings made with reinforced concrete or resistant metal structures (B4) do not reach the structural damages (D3 or D4) (Figure 7) .
For the landslide magnitude scenario A L > 1000 m 2 , the highest values of vulnerability are found for building types B1 and B2, with 1 and 0.8 vulnerability values, respectively (corresponding to level of damages D4 and D3). For the landslide magnitude scenario A L > 100 m 2 (Figure 7) , the typical vulnerability of buildings is equal to or less than 0.3 (average level of damages D1), with the solely exception of building type B1 (fragile buildings made with metal or wood) whose vulnerability reaches 0.7. In general terms, the residential buildings of the municipality were built with the most resistant materials (B3 and B4). In the worst-case scenario of a shallow landslide with more than 1000 m 2 that hits a B3 or B4 residential building, the average level of damages does not reach structural damages.
Economic value of buildings
The economic value of buildings in the study area was computed in a previous work (Silva & Pereira 2014) . Besides the average cost of construction, economic value of buildings reflects the variation on function, location and age of the building.
Buildings with residential function are dominant in the study area, followed by farm buildings (62.5% and 38.6%, respectively). Buildings with services and commercial functions represent a small percentage (2.5%) and are mainly located in the centre of the municipality. Figure 8 shows for each building type the correspondent percentage of buildings according to their function. Farm buildings are predominant in more fragile building types, in B1 and B2 (76.7% and 65.8%, respectively). The residential function is dominant in B3 and B4 buildings (54.9% and 78.1%, respectively).
The economic value estimation of each single building is represented in Figure 9 (a). The economic value of buildings is higher in the village centre (Figure 9(b) ) and the maximum value corresponds to the building of the Winery Cooperative of Santa Marta de Penaguião (3,870,469 €). On average, buildings with commercial function in the first floor and residential function in the upper floors have the highest economic value (199,962 €), followed by buildings with warehouses and industry (142,831 €) and buildings with residential function (73,998 €). On average, farm buildings have the lowest economic value (4661 €) because typically they are made with fragile wood or metal structures to store farming tools. 
QRA for buildings exposed to shallow slides
The risk (in Euros) for buildings within the municipality of Santa Marta de Penaguião is represented at the building scale for the landslide magnitudes A L > 100 m 2 (Figure 10(a) ) and A L > 1000 m 2 ( Figure 10(b) ). In both landslide magnitude scenarios, risk classes below 10 euros predominate in the municipality. Also, the number of buildings with very low risk (1 €) for landslide magnitude scenario A L > 1000 m 2 is higher than the corresponding feature for landslide magnitude scenario A L > 100 m 2 (93.3% and 39.5% of total buildings, respectively). The maximum value of risk is 1325 € and the average building risk is 8.3 € for the landslide magnitude scenario A L > 100 m 2 . On the contrary, the maximum value of risk (38 €) and the average risk per building (0.3 €) corresponding to the landslide magnitude scenario for larger landslides (A L > 1000 m 2 ) are much lower than equivalent features for the small landslides scenario.
Landslide risk maps for both magnitude scenarios were magnified in the village centre (Figure 11  (a,b) ). Total risk and potential losses associated with each landslide hazard class area are summarized in Tables 4 and 5 for the landslide magnitude scenarios A L > 100 m 2 and A L > 1000 m 2 , respectively. Shallow landslide risk values obtained are very low in both scenarios. The potential loss for the scenario A L > 1000 m 2 is near two times higher than the potential loss obtained for the scenario A L > 100 m 2 ; however, total risk for buildings is 26 times higher for the small landslides scenario (A L > 100 m 2 ) than for larger landslides scenario (A L > 1000 m 2 ). The probability of occurrence of small landslides (A L > 100 m 2 ) is two orders of magnitude higher than the probability of occurrence of large landslides (A L > 100 m 2 ), which explains the higher risk generated by small landslides, despite the much lower corresponding potential loss. For both magnitude scenarios, it is clear that maximum total risk corresponds to the 'High' landslide hazard class, which contains 20.9% of total buildings within the municipality. On contrary, the 'Very Low' landslide hazard class includes the largest number of buildings (31.2% of total), which explains the highest values of potential losses in both landslide magnitude scenarios.
Discussion
The landslide inventory of the study area is certainly not completed but it is based on a well-documented landslide event occurred in 2001 that represents 80% of the total inventory. In addition, uncertainty is also present in the delineation of boundaries of some landslides because of their prompt erase just after the event due to plowing.
Despite the above-mentioned limitations, the landslide area is the most reliable morphometric landslide variable that was systematically collected in landslide inventory for the study area, as it happens in most landslide inventories worldwide (e.g. Galli et al. 2008; Guzzetti et al. 2009 ). In this work, landslide area was used with two purposes: (1) to formalize the complete landslide hazard evaluation using the probability density distribution on landslide area to combine the magnitude probability with the spatial-temporal probability; (2) to use landslide area to derive the landslide thickness using empirical estimations between landslide area-volume-thickness. The landslide thickness is used as a proxy of landslide intensity to construct vulnerability curves for different building types. The estimation of landslide thickness as the simple ratio between landslide volume and landslide area is an important source of uncertainty that did not allow adopting a landslide area/volume empirical relationship proposed by Guzzetti et al. (2009) for landslides similar in size to those observed in the study area ðVL D 1:826 £ AL 0:898 Þ. On contrary, the adoption of the more general rule proposed by Guzzetti et al. (2009) to relate landslide area and volume (VL D 0:074 £ AL 1:450 ) allow to derive realistic landslide thickness for the study area, ranging from 0.2 to 2.8 m, which is in accordance with field work evidence. However, in a recent work, Gonz alez-D ıez et al. (2014) have shown that traditional cartographic methods tend to overestimate landslide volume from 20% to 60%, when compared with digital photogrammetric tools combined with GPS field measurements. Of course, such overestimation will propagate in the next steps of the landslide risk analysis increasing the uncertainty of the final results.
Landslide susceptibility of shallow translational slides was modelled with an event landslide inventory and generated an acceptable ROC curve computed with subgroup 1. In addition, the performance of ROC curve belonging to landslide subgroup 2 is very similar to the ROC landslide subgroup 1, which attests the good prediction capacity of the landslide susceptibility model. The similarity between ROC curves is notable in the area corresponding to the 'Very High' landslide susceptibility class, which validate 59% of total shallow slides occurred after the 2001 event. This is surely not perfect, but quite satisfactory and comparable to results in other similar analyses (Frattini et al. 2010; .
The temporal dimension of hazard considered the landslide rainfall-triggering event that generated the largest unstable area in the study area in the last 16 years. The January 2001 landslide triggering conditions had an estimated 2.7-return period, combining the 10-day antecedent rainfall and the 72-h event rainfall. Antecedent rainfall is responsible for preparing rock and soil for slope instability whereas the event rainfall concentrated in just a few hours is the trigger of landslides ). This approach allows us to calculate spatial-temporal probabilities for each pixel included in each landslide susceptibility class to be affected by a shallow slide. However, the derivation of rainfall empirical thresholds typically requires many data (e.g. Gariano et al., 2015) that does not exist for the study area. The assumption that future occurrence of an equivalent rainfall combination will generate an equivalent total unstable area is an important source of uncertainty, namely due to the 'event resistance' (Crozier & Preston 1999) . However, the relationship between rainfall-event magnitude and landslide density and landslide area is unknown for the study area due to the lack of other past observation. In addition, other rainfall scenarios that were not accounted in this work may generate additional landslide activity in the study area, which means that the annual probability of landslide occurrence is certainly underestimated. Although the 2.7-year return period, the rainfall combination that generated the 2001 landslide event did not repeat from 2001 to 2010, which means that the estimated return period may be underestimated. Moreover, uncertainty regarding the event return period may increase due to changes on frequency of rainfall-triggering events in the study area as a consequence of climate change, which may aggravate the underestimation of landslide probability. During the period 2001-2010, 156 shallow translational slides occurred in the study area, associated to less severe rainfall conditions, which explain the general lower size of landslides belonging to the subgroup 2 in comparison with landslides of subgroup 1. However, landslides of subgroup 2 are located predominantly in slopes classified as very high and high susceptible to shallow translational slides, which confirms their occurrence under predisposing conditions very similar to those associated to landslide subgroup 1. The considered rainfall-triggering scenario does not allow a QRA for the medium-to long-term, which were not computed for the study area due to the inexistence of landslide inventories associated to other rainfall events with higher return periods.
Physical vulnerability assessment was based on a very detailed field inventory of the buildings characteristics, in contrast to the more usual situation, where information about the buildings is aggregated into statistical units of the census. Physical vulnerability of buildings was assessed for two landslide magnitudes based on expert knowledge. The vulnerability curves represent an estimation of average level of damages that was derived from an empirical relation between the landslide area and the landslide thickness. The number of cases with known landslide thickness is not enough to improve the uncertainty due to the rough evaluation carried out. Moreover, the average level of damage that a landslide of a certain thickness can cause to different types of buildings is another important source of uncertainty, and the proposed vulnerability curves are site specific and should only be applied in areas with similar building characteristics and landslide typology. In addition, vulnerability values correspond to the expected average level of damages in buildings located in the rupture zone of a shallow translational slide where buildings are dominantly affected by horizontal displacement. In this work we did not take into consideration possible damages associated with the landslide propagation. As many shallow slides evolve into debris flows in the study area, the vulnerability values for buildings would be higher, associated with lateral forces and burial.
In this study, it was not possible to validate independently the vulnerability of buildings and the obtained risk assessment. Unfortunately, examples of landslide damages in buildings are few in the study area which did not allowed performing a statistical correlation with the degree of damage necessary to derive a validated vulnerability curve. The economic value assigned for each building of the municipality represents an approximated cadastral value, not taking into account the supply and demand variation and market speculation, which reflects on both market value and reconstruction cost. The cadastral value of the buildings is the basis used by the Portuguese state to collect taxes on properties and the most reliable value that can be obtained for a complete municipality. Additionally, market values are more volatile and consequently a source of uncertainty higher than the cadastral values of buildings. Also, the value considered does not take into account the building stuff degradation due to landslide activity (Silva & Pereira 2014 ). People and assets inside the buildings were not considered as well the cost of their temporary relocation. For all these reasons, the economic value of buildings is certainly underestimated.
The risk analysis made at the vector data structure implied to assign to each individual building (independent on its size) a unique value of probability derived from a raster hazard map with 10 m pixel size. In this work, we have chosen the most conservative approach considering the maximum hazard value that is registered inside each building polygon, regardless the area. With this approach, we guarantee that any part of the building have the maximum landslide hazard value considered for the building polygon and consequently the maximum risk value.
Experiences considering the use of the average hazard value, instead of the maximum hazard value would be an acceptable alternative. However, impacts in the landslide risk results should not be neglected for the considered landslide magnitude scenarios. In the present study, the use of a scenario based on the average hazard value would reduce the total risk of buildings in 36% (scenario A L > 100 m 2 ) and 41% (scenario A L > 1000 m 2 ). Risk estimates made for longer periods have greater uncertainties, because it is highly unlikely that the number of exposed buildings, their vulnerability and monetary value will remain unchanged for mid-and long-term. Additionally, long-term risk scenarios should incorporate future changes in the natural system (e.g. precipitation), which is an additional source of uncertainty.
Conclusions
Despite the uncertainties related with QRA, the major innovation of this work is the application of a landslide QRA for each single building within a municipality using a vector data model in GIS. The key element of this work is the use of detailed data-sets for each building feature within the municipality in order to quantify potential losses and landslide risk. This methodology enables to maintain the geometrical properties of buildings and to generate a more rigorous quantification of risk. However, this methodology demands a very detailed field survey of the building characteristics at municipal level, which is very time consuming. In practice, this is a constraint to its application to large cities.
Although based on a single rainfall-triggering scenario with a low return period, the proposed QRA allowed a very detailed QRA for buildings exposed to shallow translational landslides applied to a municipality that can be used for the short-term by spatial planning, civil protection and insurance stakeholders. Landslide risk managers benefit from a QRA that provides a strategic tool to the development of cost-benefit analysis, prioritize mitigation actions and emergency resources allocation, and reduce landslide exposure of buildings (Michael-Leiba et al. 2003; Corominas et al. 2013) .
Landslides occurred in the study area are triggered by rainfall and although some effort has been made to define rainfall thresholds for landslide initiation Zêzere et al. 2015) , the relationship between rainfall events and landslide events magnitude is poorly understood. Of course, the longer the return period, the more severe the rainfall event and hence greater the landslide hazard and risk associated with that return period. However, these relationships are not linear necessarily and cannot be extrapolated from a single event. The development of this line of research will improve the quality of results and will allow the definition of reliable landslide hazard scenarios and QRA for the mid-and long-term.
